13 Different genomic sites evolve inter-dependently due to the combined action of epistasis, non-additive 14 contributions of different loci to genome fitness, and physical linkage of different loci due to their common 15 heritage. Both epistasis and linkage, partially compensated by recombination, cause correlations between 16 allele frequencies at the loci (linkage disequilibrium, LD). The interaction and competition between epistasis 17 and linkage are not fully understood, nor is their relative sensitivity to recombination. Modeling an adapting 18 population in the presence of random mutation, natural selection, pairwise epistasis, and random genetic 19 drift, we compare the contributions of epistasis and linkage. For this end, we use a panel of haplotype-based 20 measures of LD and their various combinations calculated for epistatic and non-epistatic pairs separately. We 21 compute the optimal percentages of detected and false positive pairs in a one-time sample of a population of 22 moderate size. We demonstrate that true interacting pairs can be told apart in a sufficiently short genome 23 within a narrow window of time and parameters. Outside of this parameter region, unless the population is 24 extremely large, shared ancestry of individual sequences generates pervasive stochastic LD for non-25 interacting pairs masking true epistatic associations. In the presence of sufficiently strong recombination, 26 linkage effects decrease faster than those of epistasis, and the detection of epistasis improves. We 27 demonstrate that the epistasis component of locus association can be isolated, at a single time point, by 28 averaging haplotype frequencies over multiple independent populations. These results demonstrate the 29 existence of fundamental restrictions on the protocols for detecting true interactions in DNA sequence sets.
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3 data remains a challenge.
69
In the present work, we offer an evolutionary explanation for the observed difficulty of the detection 70 of epistasis from one-time data set. The idea is to generate mock data using a Monte-Carlo model of 71 evolution and then try to discriminate between effects of linkage and epistasis. We use a panel of six 72 pairwise LD measures to compare their distributions between epistatic and random pairs in a broad range of 73 model parameters. We also use 3D and 2D maps of all possible combinations of LD measures and employ an 74 optimization algorithm based on a priori knowledge to estimate the best, theoretically possible identification 75 of epistatic pairs. As a result, we delineate the region of time and model parameters where the epistatic pairs 76 can be detected against the linkage background. Finally, we investigate the role of recombination and the 77 effects of averaging over multiple independently-evolving populations. 
88
We also assume that epistatic pairs are isolated, i.e., that each genomic site interacts with only one site. The 89 initial population is randomized as it is done in virus passage experiments, with an average allelic frequency 90 f 0 . In most of our work, we initially neglect the factor of recombination and primarily focus on asexual 91 evolution, but lift this restriction in the end and explore broad parameter ranges. We aim to simulate the 92 detection of epistatic pairs and identify the best conditions for detection theoretically.
94

Measures of linkage disequilibrium (LD)
95
Various haplotype-based measures based on known haplotype frequencies have been proposed to 96 characterize the allelic association between loci. We will list four measures, as follows.
97
Lewontin's measure. A classical measure of statistical correlation between alleles at different loci 98 has a form [46] 99 100
Here !" is the average frequency of a bi-allelic haplotype of loci i and j, and D max is a normalization 104 coefficient making sure that ! ∈ 0, 1 .
105
Pearson's correlation coefficient. An alternative is the correlation coefficient between pairs of loci r, 106 expressed as [47] 
119
The advantage of this measure with respect to previous three is that it has a direct meaning in terms of fitness.
120
For isolated interacting pairs, it represents the degree of mutual compensation of two deleterious mutations 121 when frequencies in Eq. 4 are ensemble-averaged (see Methods below). Here the value E = 0 corresponds to 122 the absence of compensation (epistasis), and E = 1 to full mutual compensation of the two mutations. Note 123 the singularity in Eq. 4 at f 10 f 01 = f 00 2 ; we checked that it does not affect our results.
124
Below we investigate the effect of linkage for interacting and noninteracting pairs of loci using the 125 measures defined in Eqs. 1-4. Also, we employ an optimization algorithm that, exploiting a priori knowledge 126 of the correct epistatic pairs, puts the best possible threshold between the two distributions of LD. We 127 consider different combinations of two or three LD measures to obtain the best detection possible. 
171
We wrote an optimization algorithm which separates the cloud of interacting pairs from the cloud of non-172 interacting pairs in the best possible way, using a priori knowledge about the identity of pairs (Fig. 2) . We 173 adjusted the threshold to optimize the difference between the detection rare and the false positive rate. This 174 method, employing the principle of machine learning, does not give any substantial improvement on the 175 detection window (See Supplementary Table 1 ). For a real data sets, a priori knowledge about interacting 176 pairs is usually unavailable, so that the detection of epistasis in a single population at one time point will be 177 even worse than our prediction.
179
Parameter sensitivity analysis confirms the narrow window of detection 180 Selection coefficient. Next, we investigated how the window of detection changes with model parameters.
181
We calculated the detection rate and the false positive rate for the six measures of LD at different values of 
194 195
Distributed selection coefficient. Next, we conducted a sensitivity analysis with respect to the other 196 model parameters (Fig. S5 ). Firstly, we lifted the simplifying assumption of a constant selection coefficient, s 197 = s 0 , and allowed variation of s among sites according to a half-Gaussian distribution. We obtain a similar 198 dependence of the window width on the average selection coefficient (Fig. S5 ), although with a higher false 199 positive rate within the detection window than for the case with constant s.
200
Length of the genome.We found out, that sequence length L limits the detectability of epistasis 201 substantially (Fig. S5 ). An increase of the sequence length or a reduction of the population size leads to 202 narrowing and, eventually, disappearance of the detection window. These results limit the applicability of 203 these methods to short sequences. Indeed, the number of all possible locus pairs increases with genome 204 length L proportionally to L 2 , and the number of epistatic pairs increases only as L, so that the task of finding
205
"the ruby in the rubbish" becomes harder at larger L [1, 44, 45].
206
Population size. We observed a very slow (logarithmic) expansion of the detection window with 207 population size N (Fig. S5 ). This is consistent with the results of asexual evolution models, which predict a 208 very slow logarithmic dependence on N for all the evolutionary observables, including evolution speed, 209 genetic diversity, and the average time to most recent ancestor [25-31, 35-37, 39, 40, 51] . Only in very large 210 populations whose size increases exponentially genome length L, linkage effects become small [25] . In these,
211
astronomically large populations, epistasis would be easily detectable.
212
Initial standing variation. We have observed a detection window in time only at the initial 213 frequencies of deleterious alleles above 10% (Fig. S5) . At smaller frequencies, detection lapses. We can 214 conclude that detection of epistasis in a single population studied is possible in a narrow parameter range.
216
Recombination improves detection. Until now, we have assumed a completely asexual evolution. In our 217 next step, we investigated the role of recombination, parametrised by the average number of crossovers per 218 genome, M, and by the probability of outcrossing per genome, r. We obtained that intermediate 219 recombination rates rescue the detection of epistasis by disrupting linkage and yet preserving the epistasis 220 contribution to LD. At our default parameter set ( Fig. 1) , we observed a significant reduction of linkage 221 fluctuations starting from r = 20% and M = 5 (Fig. 4) . The results show that LD effects of linkage are much 222 more resistant to recombination than, for example, the evolution speed, which increases substantially already 7 at tiny values of r [34] [35] [36] [37] [38] [39] [40] . We found out also that extremely high levels of recombination decrease LD for In order to understand the reason behind the strong linkage effects masking epistasis, we investigated the 238 time-dependent changes of the phylogenetic tree using a hierarchical clustering algorithm ( Fig. 5a-d) . The 239 initial, randomized population display a star-shaped phylogeny, characterized by the same mean distance 240 between all sequences and the most common sequence (Fig. 5) . With time, the phylogenetic tree grows 241 branches of increasingly related sequences (Fig. 5c, d) . As simulation continues (Fig. 5d ), the tree becomes shows the reconstructed phylogenetic tree of three populations, independently evolved from the same initial random seed. At a glance,
252
it is possible to determine that the three populations do not share much sequence homology and segregate into different, 253 phylogenetically distinct clades. N= 20000 genomes, initial average allelic frequency f 0 = 0.40, other parameters as in Fig. 1 .
255
Emergence of this phylogeny is coincident with the increase in the fluctuations of LD of non 256 interacting pairs (Fig. 1) . The reason for strong random LD is stochastic divergence of the population from 257 the initial state, as illustrated by clustering of three independently evolved populations (Fig. 5, right) . The 
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These results indicate that, long before the onset of the steady state, linkage effects dominate over the effects 293 of epistasis. This phenomenon is predicted in a broad parameter region and for all the LD statistics,
294
suggesting that, in the context of inherited linkage fluctuations, all statistics based on pairwise linkage 295 disequilibrium are equal.
296
To gain insight into the evolutionary origin of these fluctuations, we investigated phylogenetic trees 297 of the entire population at different time points to observe that the shape of the tree strongly correlates with 298 the magnitude of linkage fluctuations. The shape of the phylogenetic tree changes in time from the initially 299 star-shaped genealogy to a Bolthausen-Sznitman (BS) coalescent [32, 33] previously analyzed in great detail 300 for adapting asexual populations [25, 36, 37] . Once BS genealogy is established, individual sequences share 301 a high degree of interrelatedness due to fixed beneficial mutations at randomly chosen sites. The presence of 
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We have also directly quantitated the detection of epistatic pairs against the background of random 306 linkage effects. We evaluated the sensitivity of the width of the detection window with respect to several 307 9 input parameters, such as the mean selection coefficient, the size of the population, the sequence length, and 308 initial genetic variation, and the role of recombination. We observed that the window is proportional to the 309 inverse average selection coefficient, 1/s 0 , but a very small s 0 abolishes any chance of detection, so that the 310 best detection is attained in the case of moderately weak selection. 
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To isolate the epistatic component from co-inheritance effects, we performed simulations over 315 several independently-evolved populations and averaged the haplotype frequencies over these runs. The
316
results predict the number of independent population required to attain significant expansion of the detection 317 window (Fig. 6) . Thus, the averaging over multiple independently-evolved populations filters out linkage 
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In summary, we offer an evolutionary reason for the fluctuations of epistatic estimates in the 329 existing sequence sets. Linkage due to stochastic divergence of the common ancestor of a population from 330 the origin is responsible for the high false-positive rates of epistasis detection in a single population. We 331 demonstrated how the use of multiple independently-evolving populations, or the use of time series when 332 available, allows us to average out strong linkage effects and rescue the detectability of epistasis.
334
METHODS
335
We consider a haploid population of N binary sequences, where each genome site (nucleotide position) 336 numbered by i =1, 2, …, L is either K i =0 or K i =1. We assume that the genome is long, L >> 1. Evolution of 337 the population in discrete time measured in generations is simulated using a standard Wright-Fisher model, 
